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Abstract In recent years,view-based 3D model retrieval has become a key research direction in the field of computer vi-
sion. The 3D model retrieval algorithm includes feature extraction and model retrieval where robust features play a deci-
sive role in retrieval algorithm. Up to now, the traditional hand-crafted features and deep learning features were pro-
posed,but very few people systematically compare them. Therefore,in this work, the performance of different artificial
design features and deep learning features was evaluated and analyzed. Based on the premise of full comparison,multiple
data sets,multiple evaluation criteria,and different search algorithms were used to conduct experiments. The effects of
different layers of deep network on performance were further compared,and a 3D model retrieval algorithm based on re-
sidual network was proposed. Several conclusions could be obtained from the experimental results on multiple public
datasets. 1) When comparing the deep learning features of VGG network and residual network with traditional hand-
crafted features,the improvement of comprehensive performance can reaches 3% to 20%. 2) Compared with the deep
features extracted by VGG network, the comprehensive performance of the residual network is increased by 1% to 5%.
3) The performance of different layer features in the VGG network is also different,and the comprehensive performance
of the deep and shallow features is increased by 1% to 6%. 4) As the depth of the network increase, the overall perfor-
mance of the extracted features of the residual network has limited improvement,and is more robust than other contras-

ting features.
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